INTRODUCTION
Complex diseases are well recognized as generally being caused by the dysregulation of biological systems or molecular networks rather than by the mutations of individual genes. Moreover, it is notoriously difficult and time consuming to identify disease related genes with biological experiments. 1 2 On the other hand, many computational methodologies have been presented to predict disease related genes, 3 4 most of which focus on the differential expression of genes and static regulation between genes 5 6 while ignoring the dynamic regulation or network rewiring between molecules during different disease stages. However, analysis of dynamic regulation between molecules can uncover crucial information that cannot be detected in static conditions. 7 Generally, regulations or interactions between molecules vary at different times and in different tissues, which changes are causally related to disease progression. As a result, those molecules found to interact with different partners in the molecular interaction network could be correlated with the relevant disease. Therefore, new potential disease genes can be detected by studying dynamic regulation and network rewiring between molecules, a method ignored by investigations examining differential expressions only 7 as proposed in previous reports.
In this paper, a novel approach is presented to identify disease genes and module-based biomarkers in complex diseases by investigating dynamic interactions and network rewiring between molecules related to pathogenesis. We study differential interactions rather than differential genes (or proteins) based on expression data, which is a key difference from existing methods. In particular, we assume that the dysfunction or network rewiring of those interactions (eg, proteineprotein interactions, PPIs) that differ between control and disease samples is possibly related to the relevant disease. Using gene or protein expression to quantitatively describe the dynamic interactions between proteins, we identify those interactions (ie, gene pairs rather than individual genes or proteins) that occur in disease but not in control samples and vice versa, which interactions are denoted as differential interactions (eg, differential PPIs for protein interactions) hereafter and are presumed to be highly related to the disease of interest. Taking the analysis of high throughput data on gastric cancer as an example, our method identifies differential interactions involving 34 potential gastric cancer genes from analysis of microarray data on 160 clinic samples (80 disease and 80 control samples). It is found that many of these potential cancer genes have already been reported, for example in the Cancer Gene Census (http:// www.sanger.ac.uk/genetics/CGP/Census/, accessed on March 22, 2011) 1 and the Genetic Association Database (GAD) (http://geneticassociationdb.nih. gov/, update of August 1, 2011). 8 Moreover, results with these 34 genes on two independent validation datasets demonstrate that the identified gastric cancer genes can be used as module biomarkers to diagnose gastric cancers. In addition, analysis of the relationship between subject characteristics and the identified cancer related genes shows that alcohol and smoking increase the risk of gastric cancer, which is consistent with results reported in the literature 9e12 and clinic data. These results demonstrate the efficiency and efficiency of our method for identifying module biomarkers, and also provide more evidence on the predicted disease genes.
< Additional tables are published online only. To view these files please visit the journal online (http://jamia.bmj. com/content/19/2.toc).
MATERIALS AND METHODS Gene expression profiles and protein interactions
The gene expression profiles for gastric cancer were obtained from the GEO database (ID: GSE27342). 13 The dataset contains 160 samples from cancer tissues and the adjacent non-cancerous tissues of 80 non-treated gastric cancer patients. All profiles were normalized by the RMA (robust multi-array averaging) method and the probe sets were mapped to their corresponding gene symbols. The expression values of replicated probe sets corresponding to one gene were averaged. Finally, 17 170 genes were identified for the following study. Since there were fewer samples in stage I and stage II than other disease stages, they were combined into one phase (shown in table 1). The human PPIN (proteineprotein interactions network) was downloaded from the HPRD (http://www.hprd.org) database and selfinteractions and repeat interactions removed, resulting in 37 039 interactions among 9465 proteins.
Identification of differential interactions and candidate disease genes
At each phase, the gene expression profiles were divided into control and disease groups. In each group, the correlation coefficient between a pair of interacting proteins in the human PPIN was calculated based on the samples in the group. Subsequently, only those PPIs with high correlation coefficients ($0.75) were reserved with the assumption that the PPIs with low correlation coefficients do not occur in corresponding samples. As a result, the rewired new PPIN, which were called PPI in control and PPI in disease, were constructed as shown in figure 1 . The PPIs which differed between control and disease samples were then identified and illustrate the dynamic changes in interactions between control and disease status. The PPIs which differed in each phase were identified by combining specific PPIN in control and specific PPIN in disease while removing their common edges, where the common edges are those edges that are present in both control and disease protein-protein interaction networks. as shown in figure 1 . Each edge in the differential PPIs represents the dynamic interaction between control and disease samples. The disease related genes are those which are common to specific PPIN in control and specific PPIN in disease. It is very possible that these genes play important roles in progression from control to disease. The common members of the disease related genes in each phase were regarded as potential disease genes and called candidate disease genes (shown in figure 1) . Clearly, gene regulations or genetic interactions can also be identified in the same way as the PPIs if a reference network is available.
Identified disease genes are an effective module biomarker
To determine whether our identified disease genes are related to disease, we used them as a module biomarker to discriminate between control and disease samples. Support vector machine (SVM) regression was applied to the expression values of the predicted disease genes from the module biomarker to distinguish disease from controls. Furthermore, the receiver operating characteristic (ROC) curve and the area under the ROC curve (AUC) were used to evaluate classification efficiency. In addition, two independent human gastric tumor datasets were also used to evaluate the classification performance of the module biomarker. Two R 14 packages, kernlab and ROCR, were used to build the SVM classifier and produce the ROC curves with defaulted parameters.
Validation of candidate disease genes
Documented cancer related genes causally implicated in cancer were obtained from the Cancer Gene Census database 1 and used to validate the candidate disease genes identified by our approach. The known cancer genes common to the candidate disease genes were used to evaluate the prediction results. A hypergeometric test was used to estimate the enrichment of these candidate disease genes compared to known cancer related genes. The formula of the hypergeometric test is:
where N is the total gene number of the gene expression profiles, M is the number of known cancer genes, n is the number of the candidate disease genes that we identified, and k is the number of common entries between them. P is the enrichment statistical significance of the test. The same enrichment score was then calculated for the candidate disease genes in the cancer pathways from the KEGG database and gastric cancer association genes from GAD. Random sampling was also used to test probability, where the same number of known cancer genes was randomly selected to estimate whether these known cancer genes included in the previous results were statistically significant. First, the same number of genes as the candidate disease genes was randomly selected from the entire expression profiling gene set. Second, the number of known cancer genes included in the random samples was counted. Third, random sampling was repeated 10 6 times. Fourth, the p value of the candidate disease genes was defined as the probability that one random sampling might contain a greater or equal number of known cancer genes than in our study samples. The same random sampling method was also used to estimate the statistical significance of the candidate disease genes among the genes in the KEGG cancer pathways and the gastric cancer association genes from GAD.
Clinical outcome for candidate disease genes
The association between cancer genes and the development of gastric cancer is influenced by environmental and lifestyle factors. The significance of the association was calculated by Fisher's exact test to determine if there were non-random 
RESULTS

Identification of differential interactions and gastric cancer genes
To test our approach, we took a gastric cancer study as an example. Table 1 provides information about gastric cancers and their corresponding control samples. All samples were allocated to one of three phases (table 1) . The control and cancer specific PPIN were assigned to each phase based on gene expression data and human PPIs, where the common edges between PPIN in control and PPIN in cancer were removed. The differential PPIs were obtained by merging the control specific PPIN and the cancer specific PPIN in the corresponding phase, which include the edges that occur only in the specific control PPIN or only in the specific cancer PPIN. Only those genes that have differential PPIs but are expressed in both control and cancer samples were Figure 1 Identification of disease related genes or module biomarkers based on differential proteineprotein interactions (PPIs). The threshold for high correlation was set to 0.75, and 'Remove common edges' means removing interactions that appear in both control and disease proteineprotein interactions network (PPIN).
regarded as potential gastric cancer genes in each phase. Table 2 shows the intermediate results obtained for different phases.
Note that there are fewer edges and genes in the middle phase than in the other two phases since the threshold for the middle phase is stricter as it contains fewer samples. Furthermore, the ratio of edge number in control specific PPIN to that in cancer specific PPIN decreases from the early to late phase. This phenomenon may be explained as follows. First, the control samples were obtained from tissue adjacent to the cancer tissue, and cancer tissue can affect adjacent tissue more strongly in the late than early phase. Second, cancer cells may perhaps develop new mechanisms to stabilize cell proliferation and enhance tumor metastasis with worsening disease, resulting in more cancer specific regulations in the late than early phase. Finally, the predicted gastric cancer genes found in all three phases were treated as our final predicted gastric cancer genes or module biomarker. In this work, 34 genes were identified as gastric cancer genes. The interactions of the 34 gastric cancer genes in human PPIN are shown as figure 2. We can see from the figure that 24 out of 34 potential genes are connected to a module component or a subnetwork in the interaction network, where the green and red vertices are separately the genes whose expressions are gradually increasing or decreasing in different phases of gastric cancer. For example, gene SFRS12 shows a gradually increase in expression, while gene RAF1
shows a gradually decrease in expression from the early to late phase. Although some genes show increasing or decreasing levels of gene expression, most of the candidate disease genes do not show statistically significant changes in gene expression between control and cancer status. Therefore, they will not be detected in a conventional general analysis of differentially expressed genes.
Furthermore, functional enrichment analysis of our predicted disease genes for gastric cancer was conducted using DAVID 15 (see online supplementary table 1). From gene functions, we can see that some of the disease genes have been reported to play an important role in tumorigenesis. For example, SMAD2, a tumor suppressor, 16e18 mediates the signal of the transforming growth factor TGF-b whose growth inhibitory effects are resisted in human cancer, 19 and regulates multiple cellular processes, such as cell proliferation, apoptosis, and differentiation. STAT3, a tumor suppressor, 20 is a signal transducer and activator of transcription, and can promote oncogenesis by being constitutively active through various pathways. Functional enrichment analysis shows that the identified gastric cancer genes are mainly enriched through an enzyme linked receptor protein signaling pathway, phosphorylation, an intracellular signaling cascade, and protein amino acid phosphorylation, which indicates that gastric cancer may be related to dysregulation of signaling pathways.
In addition, a PPIN containing candidate disease genes and their interaction partners in each phase was constructed (figure 3). NOA (network ontology analysis), 21 which annotates biological networks, was used to analyze the enriched functions of the PPIN in each phase. The results of NOA are shown in table 3. In the control samples, the functions are enriched in the signaling pathway, while in the early phase of disease samples, the functions are enriched in nucleic acid related metabolic processes. The functions of the PPIN change to DNA replication and DNA-dependent transcription in the middle and late phases, respectively. The functional annotations of PPIN in each phase demonstrate clearly that the identified cancer genes function reasonably well and their changes reflect dynamic transition between different stages from nucleic acid related metabolic processes to DNA replication and transcription that is an important marker of cancer cell growth.
Confirmation of identified gastric cancer genes
To confirm the predicted gastric cancer genes, two public databases (the Cancer Gene Census database 1 and GAD 8 ) were explored to see whether these genes have been previously reported. In the Cancer Gene Census database 1 (accessed on March 22, 2011), 457 genes are reported to be related to cancer. There are nine common genes between the identified 34 cancer genes and the 457 cancer genes ( figure 4A and table 4 ). To investigate whether these nine genes could have been obtained randomly, statistical significance was checked using hypergeometric distribution and 10 6 times random simulation. Two significant p values of 1.799310
À7 from hypergeometric distribution and <1.0310
À6 from random simulation were obtained, which indicate that the identified candidate cancer genes are enriched among known cancer related genes and cannot be obtained randomly. The GAD is an archive of human genetic association studies of complex diseases and disorders. 8 The gastric cancer association genes were selected from the latest version (updated on August 1, 2011) of this database. The database lists 146 gastric cancer genes, five of which are also found among the predicted cancer genes ( figure 4B and  table 4) . Similarly, two significant p values of 9.467310 À6 and 8.0310
À6 were obtained with a hypergeometric test and random simulation, respectively. In addition, some pathways were annotated as being related to cancer in the KEGG database. 22 We also identified 328 genes involved in cancer pathways, nine of which are also included in our 34 cancer genes (table 4). Significant p values of 1.046310 À8 and <1.0310 À6 were obtained from the hypergeometric test and 10 6 times random simulation study, respectively. The results show that our predicted gastric cancer related genes are highly related to gastric cancer.
In order to further confirm the predicted gastric cancer genes, we used them to distinguish cancer samples from controls. Two independent gene expression datasets (GSE2701 and GSE13911) for gastric cancer were obtained from D'Errico et al 23 and Chen et al. 24 If our predicted cancer genes can successfully distinguish cancer samples from control samples from the two independent datasets, they can be further shown to be related to gastric cancer. Moreover, we compared our results with those obtained with a published biomarker set for gastric cancer, 25 which were derived from differential gene expression. Fivefold crossvalidation was used to evaluate performance based on different biomarkers, while SVM regression was used as a classifier. Figure 5A shows the ROC curves obtained with our predicted candidate genes as a module biomarker and known biomarkers individually. It shows that our identified module-based biomarker performs well with respect to the known biomarkers, which proves that the module biomarker is related to gastric cancer.
Personal characteristics, such as alcohol consumption, smoking status, age, and gender, are important factors affecting tumorigenesis. The relationships between these characteristics and gastric cancer were therefore investigated and significance was evaluated with Fisher's exact test (see online supplementary table 2) using our module biomarker (34 genes). Specifically, the expression data were first separated into differential expression subsets according to alcohol consumption or not, smoking or not, age, and gender. The differentially expressed genes were identified by the Wilcoxon test. Furthermore, the background expression profiles of all samples were also investigated. It was found that alcohol consumption is significantly related to gastric cancer (p¼3.51310
À5
). Also, only four candidate genes are differentially expressed between control and cancer samples (see online supplementary table 2) as 17 genes have already been dysregulated in those consuming alcohol. Comparison of the alcohol and non-alcohol samples showed that alcohol was significantly related to gastric cancer (p¼1.24310
). Similarly, smoking was also significantly related to gastric cancer (see online supplementary table 2). Therefore, it is possible that alcohol consumption and smoking are risk factors for gastric cancer. In contrast, other factors, such as gender and age, were not found to be significantly related to gastric cancer. These results that alcohol and smoking are related to gastric cancer are consistent with those reported in literature.
9e12
DISCUSSION
The identification of genes related to cancer can help the diagnosis and efficient treatment of cancer and also shed light on Results of network ontology analysis (NOA) of networks of the identified disease genes and their directly connected genes. The network functions gradually change from signaling pathway to DNA related pathway. The three most significant results from NOA are given. other complex diseases. In this work, we have presented a novel network-based approach to predict cancer genes and module biomarkers through differential interactions. In particular, we applied our method to the analysis of gastric cancer based on three-phase microarray data. Many of the predicted 34 gastric cancer genes are known cancer genes and have been reported in the literature, for example, SMAD2 and STAT3 are tumor suppressors, while ABL1 and PLK1 are known oncogenes.
Based on NOA analysis of functional enrichment, the functions of the PPIN including the predicted cancer genes were obviously different between the control and cancer samples. In control samples, the identified subnetwork contains genes that are enriched in signaling pathways, and gene ontology analysis actually gave similar result by employing DAVID. In the cancer samples, the identified subnetwork was regulated by disease genes clearly related to the nucleic acid and DNA regulatory processes. It is possible that those disease genes regulate and participate in signaling pathways in normal cells. However, when these disease genes regulate the process of DNA replication, the factors regulating DNA replication or the nucleic acid metabolic process in normal cells are unable to inhibit the process because they do not identify the disease genes as targets. It is also possible that the identified disease genes mainly promote nucleic acid synthesis and DNA replication in cancer cells. Regulation of transcription in the late phase may be associated with infection and the ability of cancer cells to metastasize. Although we ignored the phase-specific genes and only chose those which overlapped in the three phases, some genes showing phase-specific potential still appeared among the candidate disease genes. Twelve genes (SFRS12, TGFBR2, ABL1, USO1, RAF1, TP53BP2, SMURF2, UBTF, BRCA1, STAT3, SFRS3, and YWHAB) among the predicted disease genes exhibited gene expression which continuously increased or decreased from the early to late phase, as shown in figure 2 . These are potential phase-specific genes for gastric cancer.
In particular, USO1 shows high differential expression in the early phase, a sharp decrease in gene expression from the early to middle phase, and then almost normal expression in the late phase (data not shown). It is possible that USO1 may be a trigger or driver gene of gastric cancer which only is upregulated in the early phase, with its expression levels returning to near normal in the late phase. ABL1 and SFRS3 show similar trends to USO1, and also exhibit a sharp decrease in gene expression after the early phase.
On the other hand, some studies have reported that alcohol and tobacco consumption are associated with gastric cancer risk. 9e12 The clinical outcome test for the 34 candidate disease genes was based on Fisher's exact test for the number of differential expression candidate disease genes, and we obtained the same result that alcohol and tobacco consumption are risk factors for gastric cancer. This approach also proves that there is an association between the identified disease genes and gastric PTPN11  STAT3  PTPN11  ATM  FN1  ATM  BRCA1  TGFBR2  TGFBR2  SFRS3  MMP2  MMP2  MSN  SMAD2  TP53BP2  CBL  CBL  PIK3R1  PIK3R1  ABL1  ABL1  RAF1  RAF1 Each column lists those genes common to the predicted disease genes and the cancer genes from the corresponding database. cancer. Further observation of the results indicated that some of the disease genes, such as KHDRBS1 and SNRPB (see online supplementary table 2), are both differentially expressed between control and cancer status with alcohol consumption and are also differentially expressed in other conditions. It is possible that the two genes are affected by alcohol or respond to the stimulation of alcohol in the stomach. The genes MMP2 and STAT3 (see online supplementary table 2), which are differentially expressed genes except alcohol and smoking habits, can be affected by alcohol or tobacco consumption. In other words, the expression level of the two genes on alcohol or smoking habits in normal cell is similar to cancer cell, and thus there is a high risk to the human on alcohol or smoking habits. The four genes CDC6, PLK1, BRCA1, and MCM3 which were differentially expressed in alcohol consumption, appeared to be differentially expressed in all conditions. They also have higher differential expression than other candidate disease genes (figure 2 and online supplementary table 2). Hence, it is possible that they play important roles in tumorigenesis and cancerization.
CONCLUSION
In this study, we proposed a differential interaction-based approach for studying complex diseases, in contrast to the conventional methods of examining differential gene or protein expression. In particular, we applied our method to the analysis of gastric cancer progression. Our method utilized the dynamic variety of human PPIN in different phases to predict gastric cancer genes and module biomarkers, resulting in the identification of 34 gastric cancer genes. Gastric cancer information from two public databases was used independently to validate the predicted gastric cancer genes and produced very significant results. These genes can be used as a module biomarker to identify cancer phenotypes and also to evaluate the correlation between lifestyle and carcinogenesis. The functional enrichment of these genes to cancer pathways identified in the KEGG database shows that the predicted gastric cancer genes take part in cancer processes. The identified subnetwork or module shown to be directly connected by the gastric cancer-related genes to all phases was analyzed by NOA, and a functional transition from normal phenotypes to cancer phases was demonstrated. This transition may be the driving factor for gastric cancer progression. Although we mainly used differential PPI interactions in this work, geneegene interactions or other forms of interactions could also be used for similar analysis of disease. As a future topic, we will further study the dynamic features during disease progression with consideration of both phase-common and phase-specific differential interactions.
